Emperor penguins (Aptenodytes forsteri) are highly adapted to the harsh conditions of the Antarctic winter: they are able to fast for up to 134 days during breeding. To conserve energy, emperor penguins form tight groups (huddles), which is key for their reproductive success. The effect of different meteorological factors on the huddling behaviour, however, is not well understood. Using timelapse image recordings of an emperor penguin colony, we show that huddling can be described as a phase transition from a fluid to a solid state. We use the colony density as order parameter, and an apparent temperature that is perceived by the penguins as the thermodynamic variable. We approximate the apparent temperature as a linear combination of four meteorological parameters: ambient temperature, wind speed, global radiation and relative humidity. We find a wind chill factor of −2.9 • C (ms −1 ) −1 , a humidity chill factor of −0.5 • C/% rel. humidity, and a solar radiation heating factor of 0.3 • C (Wm −2 ) −1 . In the absence of wind, humidity and solar radiation, the phase transition temperature (50% huddling probability) is −48.2 °C for the investigated time period (May 2014). We propose that higher phase transition temperatures indicate a shrinking thermal insulation and thus can serve as a proxy for lower energy reserves of the colony, integrating prebreeding foraging success at sea and energy expenditure at land due to environmental conditions. As current global change is predicted to have strong detrimental effects on emperor penguins within the next decades, our approach may thus contribute towards an urgently needed longterm monitoring system for assessing colony health.
Introduction
Emperor penguins (Aptenodytes forsteri) breed during the Antarctic winter and survive temperatures below −50 °C and wind speeds exceeding 150 km h −1 . The male penguins fast for up to 134 days (Prévost 1961 , Isenmann 1971 ) during mating and incubation until the females return from foraging. Therefore, the conservation of energy is critical for success fully incubating the unique egg until hatching. A key comp onent for energy conservation is the formation of huddles (Le Maho 1977 , Gilbert et al 2010 , which are constantly reorganized to minimize energy loss (Zitterbart et al 2011 , Gerum et al 2013 . Huddles are densely packed groups of individuals that allow the colony to share body heat, reduce effective surface area, and shelter each other from the wind. Temperatures inside a huddle can reach up to 37.5 °C (Gilbert et al 2006) . Previous studies reported that the likelihood of huddling increases with lower temperature and higher wind speed (Gilbert et al 2006 (Gilbert et al , 2008 , and with lower solar radia tion (Ancel et al 2015) .
The rearrangement of the colony structure during huddle formation is reminiscent of a phase transition in nonliving matter. A phase transition in the context of an Emperor pen guin colony describes the change between a solid statecorresponding to a dense huddle-and a liquid or gaseous state-corresponding to a loose configuration of individual penguins-in response to one or more external parameters (Canals and Bozinovic 2011, Vicsek and Zafeiris 2012) such as temperature, wind speed or solar radiation (figure 1).
In this study, we apply the concept of a phase transition to a penguin colony and study their huddling behaviour in response to shortterm fluctuations of the following environ mental parameters: ambient temperature, wind speed, relative humidity, and global solar radiation. We use the density of the colony as order parameter of the system to describe the phase, or state, of the colony. Density is extracted from timelapse image recordings of an emperor penguin colony at Pointe Géologie, Antarctica (66°39′46.5″S 140°00′14.1″E). We define an 'apparent temperature' perceived by the penguins as a linear combination of the ambient temperature, wind speed (times a wind chill factor), relative humidity (times a humidity chill factor), and solar radiation (times a solar heating factor). We then model the colony state as a function of the apparent temperature, whereby we fit the influence of wind chill, humidity chill, and solar heating, and the range and transition point of the apparent temperature over which the phase trans ition occurs.
Material & methods

Data acquisition
We acquired time lapse photography recordings of the Pointe Géologie emperor penguin colony, adjacent to the French Antarctic research station Dumont d'Urville (66°39′46.5″S 140°00′14.1″E, figures 2(a) and (b)). Images are recorded by a mobile observatory (micrObs) over multiple days or weeks at frame rates of up to 1 frame per second (figure 2(c)).
We use a Panasonic DMCG5 digital single lens mirror less (DSLM) camera equipped with a 128 GByte SD card for storing jpeg images (4608 × 3456 pixel). The camera can be externally triggered and has an electronic shutter. Compared to a mechanical shutter, the electronic shutter does not suffer from wear and is not affected by low temperatures. Furthermore, the focus of this camera model can be set manu ally and remains fixed during deployment, as the lens does not automatically retract on poweroff. A microcontroller (Arduino Nano) is used to control the power supply to the camera and to trigger the image acquisition. In addition, we measure ambient light and suspend image acquisition during night, which helps to conserve energy and data storage space. The microcontroller can be programmed via USB to support frame rates of up to one image per second. The system is pow ered by a lithium ion battery (7.3 V, 20 Ah) that is recharged by two 20 W solar panels. During the Austral winter, the solar panels are insufficient, and the battery is exchanged together with the SD cards every 3 days.
The camera is mounted on a sturdy tripod, and the cam era's field of view can be adjusted to keep the moving colony in sight. The observatory can be carried by one person and can be erected in poorly accessible areas, e.g. on the rocky tips of the islands around Dumont d'Urville station.
Meteorological data, including air temperature, wind speed and wind direction, humidity and global solar radiation (the sum of direct and diffuse solar radiation) are acquired by the meteorological observatory (Météo France) at Dumont d'Urville (Ile des Pétrels, figures 2(a) and (b)). As the colony remains in close proximity to the base (less than 1000 m), these measurements are assumed to be representative for the conditions experienced by the colony.
Data preparation
We use the area covered by the colony as order parameter to quantify the state of the penguin colony. The minimum area corresponds to the highest density of the colony when all penguins are huddling (solid state), and the maximum area corresponds to the lowest density where nearly all penguins are scattered and only few, small huddling groups are present (liquid and/or gas state).
Gas
Liquid Solid Figure 1. Comparison of phase (aggregation) states of nonliving matter and states of emperor penguin colonies: In a gaslike state, individuals are loosely aggregated, and their motion is not impeded. In a liquidlike state, denser clusters without longrange order appear. In a solidlike state, individuals are arranged in a dense, quasihexagonal structure with longrange order, and individual motion becomes impossible.
We limit our analysis to the time between midApril and the end of May, a period with sufficient light to acquire low noise timelapse recordings over multiple hours, and varying environmental conditions where different phase states occur. Moreover, during this time period, we can assume that the influence of the breeding cycle on the penguins' huddling behaviour is minimal, because the animals just returned from several months of foraging and are well nourished. Also, there are no chicks present that could influence the huddling behaviour.
We selected only days for the analysis that fulfil the fol lowing conditions: good visibility over the whole day, and a quasistationary colony that predominantly remains in the field of view of the camera (figure 3(a)). Within the study period, we selected 8 out of 10 consecutive days (supplemen tary information table 1, supplementary figure S1 (stacks.iop. org/JPhysD/51/214002/mmedia)) that fulfil these criteria.
We extract the area occupied by the colony using an auto matic image segmentation algorithm. The segmentation is based on an adaptive Kmeans clustering (Bradski, 2000) of pixel intensities (figure 3(b)). Pixel intensities are clustered into five groups. The group with the lowest mean intensity cor responds to the black plumage of the penguins. This approach proved to be robust to changes in illumination and shadows. To simplify the task, we manually masked rocks and heavily guano stained ground using ClickPoints (Gerum et al 2017a) , and excluded them from the segmentation. One image every 3 min was analysed.
To correct for perspective distortions, we calculate the area represented by one pixel depending on its vertical (y) posi tion in the image. The calculation is based on the projection specified by the intrinsic and extrinsic camera matrix (sup plementary figure S2, Gerum et al 2017b). The colony area is then calculated as the perspectivecorrected area of the pixels belonging to the Kmeans group with the lowest intensity. We assume the number of penguins that are present within the fieldofview to be constant during the observed period. Therefore, we can normalize the colony area for the observed period by the maximum colony area across all evaluated days, after subtracting the absolute minimum colony area from every data point. The normalized area A norm therefore varies between zero and unity. If we were to observe the colony from directly above (nadir), the colony area as defined here would simply be the sum of the area occupied by each penguin and hence remain constant regardless of colony density. At shal lower viewing angles, however, penguins standing in the front occlude penguins standing further behind, and thus the colony area decreases approximately linearly with increasing den sity (supplementary figure S3 ). If we further assume the co existence of two phases (huddles versus loosely clustered or free standing penguins), with each phase having an approxi mately constant average density, the normalized area is also a measure of the inverse huddling probability of the colony, with zero corresponding to the situation where (nearly) all penguins are in a huddle, and unity corresponding to the situa tion where (nearly) all penguins are freestanding.
Three simplifications were necessary for the automated evaluation of colony area and huddling probability: First, we cannot differentiate between the white plumage and the sea ice, resulting in a trend to underestimate the area especially at low densities. Second, because of the occlusion effect, a large huddle has a somewhat smaller area compared to mul tiple smaller huddles with the same total number of huddling penguins. Third, if the density of the penguins in the fluid/ gas phase changes over time, this will change the degree of occlusion and hence affect the colony area (supplementary figure S3 ).
To reduce noise in the measurements, colony area and meteorological data are smoothed along the time axis using a least squares smoothing filter (first order Savitzky-Golay filter over 15 data points, Savitzky and Golay 1964) corre sponding to a smoothing over 45 minutes (see figure 3(e)).
Model
To prevent overfitting of the limited data available (8 d, 3000 data points), we choose a simple twostage model. First, we assume that the huddling state (or phase) of penguins as expressed by the normalized colony area changes only in response to an apparent temperature T a . Second, we assume that the phase transition occurs as a monotonous function over a temperature range of T a .
Apparent temperature. The apparent temperature T a is expressed as a generalized linear model (equation (1)). Inspired by the wind chill factor for human temperature per ception, the apparent temperature is defined as a combination of the environmental parameters ambient temperature (T), wind speed (W), global solar radiation (R) and relative humid ity (H):
Except for ambient temperature T, all other environmental parameters are weighted by the model coefficients c W (wind chill factor), c R (solar heating factor) and c H (humidity chill factor). We keep the apparent temperature dimensional (°C) so that the contributions of the meteorological factors can be expressed in units of °C per unit of the changing parameter. For example, an increase in wind speed of 5 m s −1 is perceived as a temperature reduction by 14.3 °C (see results).
Phase transition. We suggest that the normalized area A norm occupied by the colony represents the huddling state and thus the phase of the penguin colony, where 0 corresponds to tight huddling or solid state, and 1 corresponds to a loosely clus tered or liquid/gas state. The phase transits smoothly between 0 and 1 over a range of apparent temperatures according to a sigmoid function:
The phase transition point T trans is the apparent temperature at which half of the penguins are in a huddle. The parameter b 0 denotes the apparent temperature range over which the phase transition occurs and hence defines the width of the sigmoid function.
Model training. The model parameters are determined using Bayesian inference, based on the probabilistic programming framework PyMC3 (v3.0) package for Python (Salvatier et al 
2015)
. In contrast to the classical frequentist approach, which provides a single value for each parameter, the Bayesian approach provides a parameter distribution, which is a direct measure of the uncertainty. For model selection and parameter estimation, we use nor mallydistributed priors and a MetropolisHastings sampler (a Markov chain Monte Carlo method) to draw 100 000 samples to approximate the parameter distributions. We discard the first 10% of the samples (burnin) to reduce the influence of the initial point estimate, which is used as a starting point for the sampling process. Predictions are drawn from the poste rior parameter distributions and averaged over 1000 samples. For the final model, we draw 4 · 10 6 samples, discard the first 10 6 as burnin and take every 10th sample to remove potential shortrange autocorrelations that can occur as an artefact of the sampling process.
Model selection. To determine the importance of individual environmental parameters on the predictive performance of the model, we iteratively exclude parameters (c T = 1; exhaus tive combinations of c W , c R and c H set to 0), and calculate the RMSE (root mean squared error) between the model predic tion and the measured normalized colony area. We verify that we have sufficient data for the proposed model using a cross validation evaluation with increasing numbers of training samples. Data samples are considered sufficient when training and test error converge.
To quantify whether an additional parameter increases the model performance due to new information and not simply by increasing the degrees of freedom, we replace the value in question with a randomly sampled uniformly distributed variable and compare the model performance. Significance is tested using bootstrapping.
Predictive capability on the limited dataset is tested using a 'leave one out' training scheme (Hastie et al 2001) , where the model is trained on n1 of the n available sample days and is tested on the excluded day.
Results
Daily overview plots (figure 3(e) and supplementary figure S4 ) indicate a positive correlation between global radiation and the colony area, and a noticeable negative correlation with increasing wind speed. By contrast, daily changes in temper ature and relative humidity are relatively small, and thus it is difficult to clearly discern a correlation with colony area. We do not consistently observe huddling below or above a threshold of any single meteorological variable.
We evaluate the effect of individual environmental param eters on the colony area by exhaustively iterating over all combinations and comparing the RMSE between the meas ured huddle area and the model ( figure 4(a) ). We find that ambient temperature (T, rmse = 0.228) alone does not sig nificantly (p > 0.05) improve the fit of the model to the data compared to the simplest model of a constant mean colony area. This is because the temperature shows only small vari ations over the course of each of the investigated days (sup plementary figure S4 ). When we combine temperature with a second environ mental parameter, however, we find a sig nificant (p < 0.05) improvement of the model. Especially the combination of temper ature and wind speed lead to the best results for two environmental parameters (TW, rmse = 0.169), corresponding to a 25.6% improvement over a model with temperature as sole input variable. When we combine temper ature with two parameters, we find a significant (p < 0.05) improvement only for the combination of temperature, wind speed and global radiation (TWR, rmse = 0.121) with a fur ther improvement of 28.4% compared to temperature and wind speed (TW). Including humidity as a fourth parameter leads to further small but significant (p < 0.05) improvement (TWRH, rmse = 0.115) of 5.0% compared to the best model with three environmental parameters (TWR) (supplementary figure S5) .
To verify that the model does not have too many degrees of freedom for the available amount of training data, we train the model on an increasing number of samples and evaluate the training and validation error ( figure 4(b) ). With less than 15% of the dataset used for training, we observe a large differ ence between the error of the training and validation dataset, indicating overfitting (a low error on the training data, but a larger error on the validation data indicates poor generaliza tion). When more than 25% of the data set is used for training, however, the training and validation errors converge, indi cating good generalisation and saturation of the model. We also performed a 'leave one out' evaluation where we train the model on the data from 7 d and validate the model on the remaining day for all possible combinations (see supple mentary figures S6 and S7). This results in a mean RMSE of 0.115 ± 0.004 for the training data and 0.138 ± 0.043 for the validation data, demonstrating the predictive power of the model.
To determine the final model parameters (c T , c W , c R , c H , T trans , b 0 , see equations (1) and (2)), we sample the poste rior distributions for the full dataset. Resulting parameter dis tributions are shown in figure 5(a) and table 1, the Bayesian sampling trace plot is shown in supplementary figure S8 .
We set the temperature coefficient c T to 1, which allows us to interpret all other coefficients as conversion factors towards an apparent temperature. The wind chill factor indicates a reduction in apparent temperature of c W = −2.857 °C per 1 m s −1 wind speed increase. The solar heating factor indi cates an increase in apparent temperature of c R = 0.288 °C per W m −2 of global solar radiation. The humidity chill factor indicates a reduction in apparent temperature of c H = −0.473 °C per % in relative air humidity. The coef ficient of variation for these parameters (table 1 and figure 5(a)) agrees with our assessment from the model selection that key parameters are in the order wind speed, radiation, humidity ( figure 4(a) ).
Our model describes a transition from a solid to a liquid/ gas state of the colony over a broad range (b 0 = 18.65 °C) of apparent temperatures ( figure 5(b) ), with a phase trans ition temperature of −48.167 °C where the probability is equal for both states. We can visualize the huddling probability in a phase transition diagram as shown in figure 5(c). (2). Green shaded area indicates the standard deviation of the model. The red line indicates the apparent transition temperature T trans where the huddling probability is 0.5. (c) Phase transition diagram for a fixed air humidity (70%). Lines of equal huddling probability (p = 0.5) for different solar radiation in a wind speed versus temperature diagram. Points with wind speeds and temperatures above the line have a huddling probability p > 0.5 as indicated by the blue shading. 
Discussion
In this report, we show that the huddling behaviour of emperor penguins can be described as a phase transition that is dependent on at least 4 environmental parameters: ambient temper ature, wind speed, global solar radiation, and relative humidity. Using a linear combination of these environmental parameters, moti vated by the concept of the windchill factor (Ames and Insley 1975, Siple and Passel 1999) , we find an apparent temper ature that controls the phase state of the colony. Moreover, we find that the transition from a highdensity solidlike state (hud dling) to a low density liquid/gaslike state (dispersed) occurs over a broad range of apparent temperatures. Our findings are in agreement with the wellestablished notion that the primary purpose of emperor penguin huddling is to conserve energy and not, for example, a mechanism to protect against predators (Le Maho 1977) . A previous study reported that average colony density was correlated with ambient temperature but not with wind speed (Gilbert et al 2008) . Further experiments were performed with data loggers in combination with video recordings to investigate the influ ence of environmental parameters on the number of huddles and the mean number of individuals per huddle (Ancel et al 2015) . This study reported a significant correlation of both measures with temperature, wind speed and radiation, but not with humidity. The correlation values, however, cannot be directly compared with our parameters as the huddling prob ability that we report is a combination of both, huddle number and number of individuals per huddle. Results of both pre vious studies are summarized in supplementary information table 2.
Based on measurements of the huddling probability extracted from timelapse images, we have quantified the contrib ution of the following environmental parameters: ambient temperature, wind speed, global solar radiation, and relative humidity. We show that fluctuations of the hud dling state cannot be explained by fluctuations of the ambient temper ature alone. This is largely explained by the small temper ature variations of ±5.0 °C over the course of 8 days (see supplementary figure S9 ), and less than ±3.0 °C over the course of any given day (see supplementary figure S4 ). By including additional environmental parameters, the model improves significantly. With four environmental parameters and two additional parameters describing the sigmoid shape of the apparent temper ature range over which the phase trans ition process from a densely packed huddle to a loosely packed configuration occurs, we can account for approxi mately 50.7% of the huddling probability fluctuations. The remaining fluctuations that are not captured by our model are likely the result of physiological and behavioural processes. For example, even at low apparent temperatures, individual huddles might break up after exceeding an average lifetime of 1.6 h (SD = 1.7 h) (Gilbert et al 2006) , which is thought to be triggered by individual penguins in a huddle that have sufficiently warmed up. This behaviour could be included in the model by tracking individual animals in the image data and thus considering their past huddling history. With the data presented here, tracking of individual penguins inside a huddle is impossible due to limited spatial and temporal reso lution. Recent developments (Richter et al 2018) will provide a more suitable data basis for this analysis. We also tested if the model predictions can be further improved by introducing a timedelayed huddling response of up to 6 h to account for thermal inertia or physiological adaptation, but this did not lead to significant improvements (data not shown).
Most of the time, the penguin colony shows coexistence of solid phases (huddles) and liquid/gas phases (loosely packed or freestanding penguins). Thus, the phase transition from a solid to a liquid/gas state does not occur at a sharp apparent temperature. Instead, we find a sigmoidal relation ship between huddling probability and apparent temperature, whereby the huddling probability decreases from 1 to 0 over an apparent temperature range of 140 °C, with a transition temperature of −48.2 °C at which the coexistence of solid and liquid/gas states is equally likely. The broad temperature range over which the phase transition occurs within the colony may be a combined effect of different transition temperatures for different individuals, a wide distribution of current skin temperatures among different individuals due to their indi vidual huddling history and body constitution, or an over simplification of our estimate of the apparent temperature as a linear combination of environmental parameters. Moreover, broadening of the temperature range over which the phase transition occurs may be caused by differences between the measured environmental conditions at the meteorological sta tion and the colony site which is up to 1 km away. In particular westerly winds may be partially shielded by the closeby ~40 m high elevations of the Île des Pétrels, but since the dominant (76.9%) wind direction is easterly (45°-135°) where elevations reach maximally 22 m and are further (~300 m) away (figure 3(a), supplementary figure S10), we do not expect this to be a major confounding factor.
Despite these limitations, we propose that the model param eters, in particular the phase transition temperature, are indi cators of the colony's energy budget/reserves. Physiological changes that naturally occur over the course of the breeding cycle (e.g. diminishing energy reserves and reduction in fat insulation, or the presence of chicks) will necessarily change the temperature perception and huddling behaviour (Robin et al 1998 , Groscolas and Robin 2001 , Ancel et al 2015 , and hence the parameters of our model are valid only for the time span over which the training data was acquired. By continuously updating the training data over the course of the incubation part of the breeding season, we suggest that the time evolution of the model parameters, in particular the phase trans ition temperature T trans , report the seasonal energy budget of the colony and may therefore help to predict colony foraging efficiency that will affect the breeding success of the population. Moreover, by monitoring these parameters over multiple years, we may gain a better understanding of how cli matic changes or altered food supply may impact the foraging success reflected in the colony's energy reserves, and ulti mately population dynamics (Jenouvrier et al 2014) . Given the simplicity of the model and the ease with which huddling sta tistics can be automatically acquired using remote controlled or autonomous observatories (Richter et al 2018) , we believe that our method has the potential to become a valuable tool for largescale colony monitoring.
